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Abstract: Developments in computer vision have provided a great deal of capability to smart systems to sense the world 

around them and be able to make autonomous decisions with a broad spectrum of uses. Nonetheless, executing the vision- 

based algorithms in resource-constrained edge devices is not easy since their capabilities are severely limited in terms of 

computational and memory resources, as well as energy supply. This review explores the computer vision algorithms that 

can be applied to low-cost and low-power embedded systems with a specific focus on the Raspberry Pi family. Methods of 

object detection and multi-object tracking (including classical vision algorithms, as well as deep learning models like YOLO, 

SSD, and MobileNet) are reviewed and compared with each other in terms of the indicators of the evaluation 

characteristics that are commonly reported (such as inference speed, latency, model size, number of parameters, and 

detection accuracy (mAP)) when available. Also, the techniques of optimisation like quantization, pruning, lightweight 

backbone design, and embedding edge AI accelerators (e.g., Google Coral TPU and Intel Neural Compute Stick 2) are 

discussed. This survey summarizes the results of benchmark data sets and real-world systems to highlight major trade-offs 

in embedded vision implementation and suggests real- world combinations of detectors and trackers to use in appli- cations 

of surveillance, mobile robots, and smart transportation 
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I. INTRODUCTION 

 

Computer vision has become a fundamental enabling 

tech- nology in recent intelligent systems, and is used in 

applications like autonomous robotics, unmanned aerial 

vehicles (UAVs), intelligent surveillance, assisted healthcare 

monitoring, intel- ligent transportation, and industrial 

automation. Traditional computer vision pipelines have been 

mostly designed to run on an expensive high-performance 

workstation or cloud server, and in this case, there is a mega-

load of computational re- sources and memory. Conversely, 
recent developments in edge computing continue to focus 

more on performing perception functions on embedded 

systems. The low-latency response, reduced reliance on 

network connectivity, enhanced privacy preservation, as 

well as constant operation in dynamic real- world settings are 

made possible by this paradigm. 

 

The Raspberry Pi family has become a prominent topic 

among low-cost single board computers (SBCs) as a practical 

edge platform because of its small size, low cost, and wide 

ecosystem. Raspberry Pi devices are capable of serving a 
large variety of vision workflows, including basic image 

processing; when models are optimized correctly, deep 

learning inference is possible. Still, implementing vision 

applications at the edge is not so straightforward, as 

Raspberry Pi boards have very limited capabilities in terms of 

CPU performance, memory bandwidth, storage, thermal 

(throttling), and power consump- tion. These constraints are 

especially important in tasks that are computationally 

challenging, like real-time object detec- tion and multi-object 

tracking, which tend to demand steady frame-rate processing. 

 

Histogram-based analysis, edge detection, background 

sub- traction, contour-based segmentation, and correlation 

filter tracking algorithms such as KCF, MOSSE, and CSRT 
are also classical methods of computer vision that are still 

useful on resource constrained platforms. These methods also 

generally have minimal computation requirements and run-

time perfor- mance that is predictable and thus can be used in 

structured applications like line-following robots, controlled 

industrial in- spection, and simple tracking problems. 

Nonetheless, classical methods severely degrade in 

complicated real-world scenarios that entail occlusions, 

appearance changes, scale changes, alterations in 

illumination, and background clutter. 

 
However, perception models using deep learning have 

proven to be more robust and accurate under various 

operating conditions. Object detection models like YOLO 
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variants, SSD, MobileNet-SSD, and EfficientDet-Lite that 
are lightweight have been increasingly studied and 

evaluated on Raspberry Pi hardware. They must, however, 

be carefully balanced in terms of accuracy (mAP), 

throughput (FPS), latency, as well as resource usage (RAM 

and energy), because of their embedded nature. To help 

overcome these issues, common optimization strategies such 

as INT8 quantization, pruning, model compression, reduced 

input resolution, and efficient inference systems such as 

TensorFlow Lite, OpenVINO, and ARM NN are often used 

by researchers. Additionally, external accelerators like 

Google Coral EdgeTPU and Intel Neural Compute Stick 2 
(NCS2) have been identified to provide a significant 

improvement in inference performance and low power 

consumption. 

 

Other than detection, object tracking is also required in 

practical edge vision systems since it provides consistency 

in identity across frames, enhances temporal accuracy, and 

minimizes redundant detections. DeepSORT, ByteTrack, and 

OC-SORT are state-of-the-art multi-object tracking (MOT) 

algorithms that have been adopted because of their data as- 

sociation capability. However, tracking adds more 

complexity to the computation because of motion modeling, 
bounding- box association, and in certain pipelines, 

appearance feature extraction. Therefore, a proper choice of 

detector-tracker pair is critical to the success of real-time 

operation of Raspberry Pi-based applications. 

 

This review summarizes recent studies on computer 
vision implementation on Raspberry Pi edge devices, 

including clas- sical and deep learning-based methods to 

detect and track objects. The surveyed studies are discussed 

with the help of conventional performance metrics such as 

FPS, latency, memory footprint, model size, number of 

parameters, accuracy (mAP), and measures of tracking 

quality such as MOTA and IDF1. This aims at summarizing 

the state of the art, identifying key deployment trade-offs, and 

offering recommendations on the most efficient pipelines to 

use in embedded systems in surveillance, assistive robotics, 

and smart transportation. 
 

II. EDGE HARDWARE PLATFORM: 

RASPBERRY PI 

 

 Raspberry Pi 3: This is the basic version. It is good for 

simple programs and small vision tasks, but it is slow for 

deep learning because RAM and CPU are limited. 

 Raspberry Pi 4: This is better than Pi 3. It has more RAM 

options and faster CPU, so it is suitable for running 

lightweight object detection and tracking models. 

 Raspberry Pi 5: This is the latest and fastest among 

these three. It gives higher processing speed and better 
performance for real-time computer vision work, 

especially when models are heavy. 

 

 

Table 1 Comparison of Raspberry Pi Hardware Platforms 

Feature Raspberry Pi 3 Raspberry Pi 4 Raspberry Pi 5 

CPU Quad-core ARM Cortex- A53 

@ 1.2–1.4 GHz 

Quad-core AR Cortex- A72 @ 1.5 

GHz 

Quad-core ARM Cortex- A76 @ 

2.4 GHz 

RAM 1 GB LPDDR2 2 GB / 4 GB / 8 GB PDDR4 4 GB / 8 GB LPDDR4X 

GPU Broadcom VideoCore IV Broadcom VideoCore VI Broadcom VideoCore VII 

AI / Compute Basic, not AI- accelerated Moderate inference tasks Enhanced AI suitability 

 

III. THEORETICAL BACKGROUND: 

COMPUTER VISION TECHNIQUES 

 

A. Classical Computer Vision Methods 
Classical computer vision describes the image and 

video processing methods which are based on human-defined 

fea- tures and rule-based decision making, not on learning 

from data. They are based on mathematical modeling, 

geometry, and signal processing concepts where domain 

knowledge is explicitly implemented into the pipeline. 

 

A general classical vision system has a sequential flow 

comprising image capture, preprocessing, feature extraction, 

and decision-making. Through common functions, filtering, 

thresholding, edge detection, corner detection, morphological 

processing, contour extraction, and optical flow estimation 

are widely used. Sobel, Canny, Harris corner detector, 

Histogram of Oriented Gradients (HOG), Scale-Invariant 
Feature Trans- form (SIFT), Speeded-Up Robust Features 

(SURF), and Ori- ented FAST and Rotated BRIEF (ORB) are 

some algorithms that have been extensively used in object 

detection, tracking, and scene understanding, in which 

computational resources are often constrained. 

 

 Classical Object Detection Methods: 

Table 2 is a summary of common classical methods of 

object detection and their properties. 

 
Table 2 Classical Object Detection Methods 

Algorithm Description 

HOG (Histogram of Oriented 

Gradients) 

Computes local histograms of gradient orientations to represent object shape; widely used for 

pedestrian and rigid object detection. 

Haar Cascade Classifiers Detect objects using Haar-like intensity features and AdaBoost-based cascading; efficient in 

grayscale and commonly used for face and eye detection. 

SIFT / SURF / ORB Detect and describe scale- and rotation-invariant keypoints for object recognition, matching, 

and tracking; ORB offers improved computational efficiency. 
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Background Subtraction Models the static background to segment moving foreground objects; effective for video 

surveillance in fixed-camera environments. 

Frame Differencing Detects motion by subtracting consecutive frames; computationally simple but sensitive to 
noise and illumination variations. 

Edge Detection (Canny, 

Sobel) 

Extracts object boundaries by identifying intensity discontinuities; often used as a 

preprocessing step for segmentation. 

Template Matching Locates objects by correlating input images with predefined templates; performs best when 

object pose and scale variations are limited. 

Contour Analysis Identifies object regions using geometric properties such as shape, boundary, and area; 

performance depends on reliable segmentation quality. 

 

 Classical Object Tracking Methods: 

The goal of classical tracking is to estimate object motion between frames with a geometric or statistical model and it is not 

always computationally expensive. Table 2 is a summary of popular approaches. 

 

Table 3 Classical Object Tracking Methods 

Algorithm Description 

Centroid Tracking Tracks object identity based on centroid displacement; suitable for multiple objects with 

clear separation. 

Kernelized Correlation 

Filter 

Correlation-filter tracker implemented efficiently in the frequency domain; suitable for 

real-time tracking. 

Channel and Spatial 
Reliability Tracker 

Robust correlation-filter tracker handling scale variation and partial occlusions; higher 
computational cost than KCF. 

Kalman Filter Predicts object state using linear motion models; smooths noisy detection outputs; 

widely used in MOT pipelines. 

Particle Filter Uses multiple weighted hypotheses for tracking; handles non-linear and non-Gaussian 

dynamics; computationally heavier. 

Optical Flow Estimates pixel-wise motion vectors between frames; effective for dense tracking but 

sensitive to lighting variation. 

SIFT / SURF / ORB Tracks by matching keypoints across frames; suitable when strong texture features exist. 

Contour Analysis Tracks objects by changes in contour properties (shape, position, centroid); depends on 

stable segmentation. 

 

B. Deep Learning-Based Vision Methods 

Deep learning has revolutionized computer vision by 

allow- ing object detection, classification, segmentation, and 

tracking with high accuracy using both convolutional and 

transformer- based architectures. Nonetheless, there are 

tremendous limi- tations to the deployment of deep models 
on embedded edge platforms, primarily due to limitations in 

processing power, memory, power consumption, and thermal 

stability. 

 

In order to assist with edge deployment, studies have 

high- lighted model adaptation techniques which include: low 

weight network, low input resolution, quantization 

(FP16/INT8), pruning and compression, optimized inference 

frameworks (TensorFlow Lite, OpenVINO, ARM NN), and 

hardware ac- celerators (Google Coral EdgeTPU, Intel 

NCS2). 
 

 Object Detection for Edge Environments: 

One of the basic activities of embedded vision is object 

detection systems and is usually worked out with deep 

convolutional neural networks (CNNs). There are two major 

categories of detec- tors: single-stage and two-stage detectors 

representing various trade-offs between inference speed and 

detection accuracy. 

 

 

 Single-Stage Detectors: 

The localization and classification of single-stage 

detectors are accomplished in one forward pass. These 

models are used in real-time edge applications due to low 

latency. 

 
Representative models include: 

 

  YOLO (You Only Look Once): 

It is created to be used in real time; the lightweight 

versions of YOLO, namely, YOLOv4-tiny and YOLOv5-

nano, can be applied to embedded systems. 

 

  SSD (Single Shot MultiBox Detector): 

It is both fast and accurate with a balance, and 

lightweight backbones are frequently used. 

 
  MobileNet-SSD: 

Designed to be used in small devices, it comes with a 

small model size that has satisfactory accuracy.  

 

  EfficientDet-Lite: 

It scales down to mobile/embedded usage with 

compound scaling and optimized architecture. 

 

The reasons why these detectors are actively used are: 

low memory footprint, high inference speed, INT8 
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compatibility, and pruning. 
 

 Two-Stage Detectors: 

Two-stage detectors produce region proposals and then 

perform further classification and localization, which by 

definition are usually more accurate but more 

computationally demanding. 

 

Notable examples include: Faster R-CNN (RPN-based 

region proposals), Mask R-CNN (segmentation branch), 

Cascade R-CNN (multi-stage refinement), Sparse R-CNN 

(learnable proposals), and transformer-based detectors such as 
DETR and DINO. 

 

Even though these models are capable of being more 

accurate than lightweight detectors, they are not amenable 

to real-time deployment on Raspberry Pi without aggressive 

optimization or external accelerators. 

 

 Object Tracking On Edge Devices: 
Object tracking is the process of identifying the same 

object and following it over time. Tracking is usually carried 

out using a live camera feed, video, or a sequence of images 

captured continuously. It is useful in many embedded 

applications such as surveillance, traffic monitoring, 

robotics, autonomous navigation and human-following 

systems. 
 

In resource-constrained edge devices like Raspberry Pi, 

tracking becomes challenging because it requires continuous 

processing. Classical trackers such as KCF and CSRT are 

still used because they are simple to implement and give fast 

results. However, these trackers may not perform well when 

there is occlusion, fast motion, scale changes or illumination 

variation. 

 

To improve tracking accuracy, multi-object tracking ap- 

proaches such as SORT and DeepSORT are commonly used. 
SORT provides tracking based on motion prediction and 

association, while DeepSORT improves identity tracking by 

including appearance features. Siamese network based 

trackers such as SiamFC and SiamRPN are also used for 

tracking, where the template of the target is matched with the 

current frame. Recently, tracking pipelines like ByteTrack 

and BoT- SORT are reported to achieve better association 

performance, especially in crowded scenes. 

 

Even though deep learning based methods provide 

better ro- bustness, they increase computational load and 

memory usage. Running detection and association in every 
frame can reduce the frame rate in edge devices. Hence, for 

practical edge implementation, lightweight models and 

optimization methods are required. Common solutions 

include reducing detection frequency, using lightweight 

feature extractors, and applying quantization or other 

optimization techniques to maintain real- time performance. 

 

 

 

 

 

IV. VISION ALGORITHMS ON 

RASPBERRY PI 

 

A. Classical Vision Algorithms On Raspberry Pi 

Classical computer vision algorithms continue to be of 

high application in resource-limited embedded edge devices 

like the Raspberry Pi because of their low cost and 

predictable latency, small memory footprint, and their 

requirement of no GPU acceleration. Such methods are 

normally applied by applying pipelines based on OpenCV 

and are based upon deterministic image processing, hand 

crafted features as well as lightweight tracking mechanisms. 
The reviewed literature demonstrates that Raspberry Pi 

devices can achieve practical real-time perception in robotics, 

surveillance, navigation, and industrial monitoring tasks 

using purely classical pipelines as well as hybrid classical–

deep learning systems. 

 

 Correlation Filter–Based Object Tracking: 

Correlation- filter trackers are widely adopted in 

Raspberry Pi deployments due to their efficiency. [1] 

implements a Kernelized Correlation Filter (KCF) tracker on 

Raspberry Pi 4B for marine object tracking and reports ∼20 
FPS at 1280 × 720 resolution using custom real-world marine 

video. [6] presents a low-cost tracking prototype on 

Raspberry Pi 3 using KCF, evaluated using publicly available 

tracking datasets, demonstrating feasibility for economical 

embedded tracking. 

 

 Feature-Based Detection and Lightweight Embedded 

Perception: 

Classical feature-based detection pipelines remain 

common for structured monitoring tasks. [2] employs His- 

togram of Oriented Gradients (HOG) feature extraction with 
an SVM classifier for human tracking on Raspberry Pi 3 

Model B, validated using custom indoor webcam data. Haar- 

based detection is also widely used in constrained environ- 

ments; [12] demonstrates industrial object classification on 

Raspberry Pi 3B+ using Viola–Jones Haar cascade 

classifiers, processing a 1.3 MP webcam stream (30 fps input) 

and evalu- ated using a custom dataset (∼100 images) with a 

lightweight detector size (< 1 MB). 

 

 Color,Shape and Contour-Based Tracking Pipelines: 

Color segmentation and contour analysis are widely 
used due to their low computational requirements. [4] 

implements HSV-based detection and contour-based 

tracking for real- time ball detection and tracking on 

Raspberry Pi, validated using experimental trials with 

colored balls. [17] presents HSV- based object tracking 

using centroid estimation for robot navigation and obstacle 

avoidance using Raspberry Pi camera input. [8] demonstrates 

contour-based detection and centroid displacement tracking 

for embedded real-time position track- ing using Raspberry 

Pi camera capture. 

 

 Classical Vision for Structured Navigation Tasks: 
For structured robotic navigation, deterministic 

processing pipelines provide efficient performance. [3] 

presents a Rasp- berry Pi-based line follower implemented 

using grayscale conversion, thresholding, Sobel edge 

https://doi.org/10.38124/ijisrt/26mar114
http://www.ijisrt.com/


Volume 11, Issue 3, March – 2026                               International Journal of Innovative Science and Research Technology 

ISSN No: -2456-2165                                                                                                              https://doi.org/10.38124/ijisrt/26mar114 

 

 

IJISRT26MAR114                                                               www.ijisrt.com                                                                                  191  

detection, and rule-based motor control, validated through 
experimental testing using a custom line map. [20] further 

demonstrates an OpenCV- based line-following vehicle 

using PID-based control and template matching for reactive 

behavior on Raspberry Pi 3B+, reporting ∼5.5 FPS at 480 × 

320 resolution, validated through experimental evaluation. 

 

 Surveillance and Embedded Monitoring Using Classical 

CV: 

Embedded monitoring systems often adopt lightweight 

vision methods. [13] applies Haar cascade face and eye 
detection combined with temporal eye-closure logic for 

driver drowsiness detection on Raspberry Pi. [18] integrates 

Haar cascade detection with CAMSHIFT tracking for 

industrial production-line dynamic target tracking on 

Raspberry Pi. [19] applies segmentation and template 

matching for banknote authenticity and denomination 

recognition on Raspberry Pi and reports a detection accuracy 

of approximately 91.5% on a custom Rupiah banknote 

dataset. In addition to monitoring and industrial automation, 

classical tracking pipelines have also been adopted in 

assistive robotics; [15] demonstrates a Raspberry Pi 3B+ 

shopping-cart-following robot using CSRT tracking, 
validated through real-world trials. 

 

 Algorithmic Enhancements and Classical Tracking Op- 

timization: 

[14] proposes a tracking approach combining Haar 

detection with Mean-Shift tracking and Locust Search 

Optimization for victim localization in post-disaster 

scenarios. The study, which was implemented on Raspberry 

Pi 3 Model B+, reports a performance of around 1.13 FPS, a 

memory usage of around 274902 KB, energy efficiency of 

around 0.226 FPS/W, and a latency of 887.4 ms (Mean-
Shift+LSO) relative to 1365.5 ms (Mean-Shift baseline), 

meaning that performance can be compromised by the 

inclusion of optimization strategies. 

 

 Depth-Aware Tracking via Stereo Vision and Filtering: 

Depth-aware tracking has been explored using stereo 

vision. [16] implements disparity-based tracking using 

OV7670 stereo cameras combined with ROI-based 

processing and Kalman filtering on an ESP32 + Raspberry 

Pi 4B platform, reporting ∼10 FPS, tracking accuracy of 

approximately 85%, and an error below 10 cm, validated 
in real-world assistive robot tracking experiments. 

 

 Hybrid Classical–Deep Learning Pipelines: 

Hybrid ap- proaches are increasingly adopted to 

improve robustness while reducing computation. [9] 

combines background subtraction with CNN-based detection 

for embedded tracking on Rasp- berry Pi. [10] integrates 

MediaPipe landmark detection with classical image-based 

visual servoing for robotic arm tracking. [5] integrates SSD-

based detection with OpenCV tracking for an intrusion 

detection and surveillance robot, using a hybrid edge–remote 

configuration due to compute limitations. [21] proposes a 
hybrid industrial monitoring pipeline combining pruned 

YOLOv8 detection with SIFT feature tracking, Lucas– 

Kanade optical flow, and RANSAC verification, reporting 

an F1-score ≈ 95%, mAP50 ≈ 97%, and tracking accuracy 

> 95% on a custom industrial bolt dataset. 
 

 Comparative Benchmarking of OpenCV Trackers: 

Benchmarking studies provide reproducible insights 

into tracker suitability on embedded devices. [7] evaluates 

OpenCV trackers (BOOSTING, TLD, MEDIANFLOW, 

MIL, MOSSE, CSRT, KCF, GOTURN) on Raspberry Pi 

3B+, reporting MOSSE at 18.29 FPS, KCF at 7.9 FPS, 

and CSRT at 3.67 FPS. [11] further benchmarks OpenCV 

trackers on Raspberry Pi 3B using IoU and success rate 

metrics, reporting MOSSE at ∼21 FPS, KCF at ∼16 FPS, 
MEDIANFLOW at 15 FPS, and CSRT at 4 FPS, along with 

latency values on benchmark sequences such as Jumping, 

bear-front, and z-cup-move1. The analyzed sources confirm 

the fact that classical computer vision algorithms are the 

most appropriate in terms of edge deployment on Raspberry 

Pi because of their low computational cost, predictable 

latency, and CPU-only capabilities. Correlation-filter trackers 

(MOSSE, KCF, and CSRT) offer real-world tracking 

performance, allowing this to be used in real-time in most 

robotics and surveillance applications. The feature-based 

detectors (Haar cascades and HOG-SVM) can be used in 

controlled conditions, whereas the color-based and contour-
based pipelines can be utilized to track a fast object in stable 

conditions. On the whole, classical methods are an 

effective starting point of embedded perception especially 

when the requirements of real-time execution and low-power 

usage are a priority. 
 

B. Deep Learning Algorithms On Raspberry Pi 

The use of deep learning has enhanced object detection 

performance with hierarchical feature representations that are 

resistant to illumination change, occlusion, scale variation 

and background clutter. On edge devices with resource 
constraints, like the Raspberry Pi, however, the deployment of 

deep models is still not an easy task because of the constraints 

on CPU throughput, memory bandwidth and power 

accessibility. This has led to Raspberry Pi-based deep 

learning systems that are often based on small-scale 

architectures, smaller input resolutions, smaller inference 

times and compression methods like quantization and 

pruning. As recent literature shows, Raspberry Pi 4 and 

Raspberry Pi 5 are capable of the practical deep learning 

inference under these conditions, whereas Rasp- berry Pi 3 is 

still constrained to run in real-time in CPU-only setups [24], 

[32]. 
 

 Deep Learning for Object Detection On RASPBERRY 

PI:  

Object detection is the most widely adopted deep vision 

task on Raspberry Pi platforms, forming the foun- dation for 

high-level applications such as surveillance, robotics 

navigation, industrial inspection, assistive monitoring, and 

smart transportation. The reviewed works primarily 

implement deep object detectors using edge-friendly 

frameworks such as TensorFlow Lite, OpenCV DNN, 

ONNX Runtime, ARM NN, and OpenVINO, often paired 
with model compression or hardware acceleration to meet 

real-time constraints [58]– [63], [65]– [68]. 
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 Single Stage Detector: 

 

 Lightweight CNN Models for Raspberry Pi–Based 

Deployment. 

A major category of Raspberry Pi deep vision research 

emphasizes lightweight CNN architectures designed for 

embedded inference. Efficient deployment of compact 

networks such as MobileNet and EfficientNet is demon- 

strated in industrial inspection and robotics contexts. In [22], 

MobileNetV3-Large, EfficientNetB3, and ResNet50 are 

eval- uated on Raspberry Pi 5 for real-time detection of hole-

type defects on industrial components under CPU-only 

inference. The study reports ∼8.2 FPS for MobileNetV3 

(∼120 ms latency), ∼4.7 FPS for EfficientNetB3 (∼210 ms 

latency), and ∼3.8 FPS for ResNet50 (∼250 ms latency) 

using 224 × 224 resized grayscale input. The work also 

reports model sizes of 13.6 MB (MobileNetV3), 47.0 MB 

(EfficientNetB3), and 94.7 MB (ResNet50) with parameter 

counts of 4.2M, 10.7M, and 23.5M, respectively, and is 

evaluated on 43,482 grayscale industrial images [22]. In 

robotic deployments, MobileNet- SSD–based human 
following is implemented on Raspberry Pi 4, validating SSD-

MobileNet architectures as feasible detec- tors for embedded 

navigation tasks [27]. 

 

 Application-Oriented Object Detection Pipelines  

Several works focus on deploying deep learning 

detection pipelines for practical edge applications such as 

surveillance, assistive monitoring, and industrial automation. 

Surveillance- oriented object detection with reduced latency 

is demonstrated in [23], where MobileNetV2 and 

EfficientDet-Lite are integrated with entropy-based adaptive 

buffering. This approach reduces redundant inference and 
improves responsiveness, confirming that pipeline-level 

optimizations are essential for CPU-only Raspberry Pi 

deployments [23]. Assistive technology systems using 

lightweight YOLO/SSD- class detectors are explored in [25] 

and [35], demonstrating embedded detection for visu- ally 

impaired support and safety monitoring [25], [35], [59], [65]. 

Beyond these, YOLO-driven embedded perception is applied 

to vision-guided robotic pick- and-place systems on 

Raspberry Pi, indicating feasibility for industrial 

manipulation workflows requiring object localization under 

cost constraints [39]. Collectively, these studies show that 
Raspberry Pi deep detection pipelines can be applied across 

varied domains when the model and system design are 

optimized toward embedded execution [23], [25], [35], [39], 

[58]– [60], [62], [64]– [66], [68]. 

 

 Benchmarking and Optimization Studies 

Benchmark- driven research provides strong 

comparative evidence on model suitability for Raspberry Pi 

[24], [26], [61], [63]. In [24], multiple lightweight detectors 

including SSD MobileNet V1, SSDLite, and EfficientDet-

Lite (Lite0–Lite2) are identified as practical models for 
Raspberry Pi CPU-only execution, whereas heavier detectors 

such as YOLOv8 small/medium exhibit high latency and 

limited real-time feasibility. The same study evaluates Coral 

USB TPU acceleration across Raspberry Pi 3/4/5 and 

confirms that hardware acceleration substantially improves 

FPS and energy efficiency, with minor accuracy degradation 

due to INT8 quantization. Similarly, [26] provides 
systematic optimization analysis on Raspberry Pi platforms 

using INT8-quantized models at reduced reso- lutions. On 

Raspberry Pi 4 (320×320 input), it is reported in the study 

that the FPS was about 8 (SSD- MobileNet- V1 FPN). 

Approx. 12.5 FPS (SSD-MobileNet-V2 FPNLite), 12 FPS 

(EfficientDet-Lite0), and 33 FPS (YOLOv5n), and 

approximate reported latency of about 125 ms, 80 ms, 83 

ms, and 30 ms, respectively, on MS COCO 2017 at INT8 

quantization on TensorFlow Lite [26]. These benchmarking 

works define that model-hardware co-design is necessary to 

detect embedded objects on Raspberry Pi [24], [26]. 
 

 YOLO Deployment on Raspberry Pi Platforms 

YOLO- family models remain widely adopted for 

Raspberry Pi object detection due to their high accuracy and 

strong community tooling; however, feasibility depends on 

selecting lightweight variants and applying quantization or 

optimized inference [58], [60], [62], [64], [66], [68]. 

YOLOv7 and YOLOv7-tiny are evaluated on Raspberry Pi 

4 for traffic monitoring in [31], confirming deployment 

feasibility under optimized inference but also highlighting 

performance limitations in CPU-only settings for larger 

models. Raspberry Pi 5 benchmarking of YOLOv8n in drone-
oriented constrained edge scenarios fur- ther confirms that 

nano-scale YOLO models can sustain real- time-like 

throughput under CPU-only execution [30]. High- speed 

deployment High-speed deployment is demonstrated in [28] 

where quantized YOLOv4-Tiny is deployed on Raspberry Pi 

5 using post-training quantization of TensorFlow Lite and 

45.1 FPS at 416x416 input resolution is reported, with latency 

of 183 ms and model-size of 6.4 MB. Power consumption 

has also been mentioned in the study as about 4 W when 

deployed [28]. The prototype implementations also point to 

using YOLOv8 pipelines to detect and recognize people on 
Raspberry Pi 4B, which suggests an increasing interest in 

detecting and providing the edge device with higher-level 

analytics [34]. 

 

 Hybrid and Comparative Deep Detection Studies 

Combined strategies and comparative analysis give 

information on the trade offs when deploying Raspberry Pi. 

MobileNet-SSD inference and embedded deployment in 

foggy traffic condi- tions are achieved in [29] with the help 

of Raspberry Pi 4 and Coral TPU, which enable robust 

detection-based monitoring with tracking-based quality 
metrics. Multi- generation YOLO comparisons on Raspberry 

Pi 4B in [38] show that tiny-scale models provide the most 

practical embedded trade-off, while heavier YOLO variants 

impose high CPU usage and execution time that may block 

concurrent robotic processing. In addi- tion, hybrid 

stabilization strategies combining YOLO detection with 

estimation filtering are explored in [37], indicating that 

integrating temporal filtering can improve detection stability, 

although the study is evaluated in simulation rather than direct 

Raspberry Pi real- time deployment. 

 

 Limitations on Raspberry Pi 3 and Low-End Edge Devices 
Raspberry Pi 3 devices remain notably constrained for 

deep learning object detection, particularly without accelera- 
tion. SSD-based human detection for ADAS-style monitoring 
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on Raspberry Pi 3 Model B+ achieves very low throughput 

(∼0.8 FPS), showing that CPU-only Pi 3 is not suitable for 

real-time detection systems requiring fast response [32]. The 

surveillance robotics implementation running YOLOv3-Tiny 

on Raspberry Pi 3B+ indicates viability only at relatively 

low FPS and in simple scenes due to resource limitations 

[36]. These results support the conclusion that hardware ac- 

celeration or ultra-light models must be used to deploy Pi 3 

generation implementations [63], [67]. 
 

 Deployment Toolchains and Embedded AI Platforms 
Another crucial enabler of Raspberry Pi deep learning 

adop- tion is also mentioned as deployment toolchains. 

Embedded ML platforms like Edge Impulse can support the 

real-world implementation of Tiny-YOLO models on 

Raspberry Pi 4B with less integration work, and it can be used 

to perform quick prototyping and deploy deep detectors to 

edges [33]. These toolchains work hand-in-hand with 

performance optimization, to make the model conversion, 

quantization, and on-device testing processes simpler. 

 

 Efficiency-Oriented Model Redesign 

Efficiency-driven model redesign remains a promising 
direction to improve Raspberry Pi inference feasibility. In 

[40] , an efficient method (YOLIC) is proposed for object 

localization and classification on edge devices, reporting real- 

time performance on Rasp- berry Pi 4B by integrating 

lightweight layers and pruning. Such architectural 

simplification demonstrates that embedded- focused design 

can achieve improved throughput while retain- ing usable 

detection performance, making it suitable for CPU- only 

Raspberry Pi deployments [40]. 

 

The reviewed deep learning detection studies con- 
firm that Raspberry Pi devices can support practical 

edge inference only when lightweight CNN architectures 

(MobileNet/SSD/EfficientDet/YOLO-tiny/nano) and 

system- level optimizations are adopted. Benchmark and 

optimization works consistently show that input resolution, 

backend/runtime (TensorFlow Lite/ARM 

NN/OpenVINO/ONNX), and quanti- zation (INT8) are 

critical factors affecting FPS and latency [24] , [26] , [61] , 

[63] . Raspberry Pi 5 significantly im- proves feasibility of 

real-time detection compared to Raspberry Pi 3/4, but heavier 

YOLO variants still remain constrained under CPU-only 

execution. Overall, the literature establishes that model–
hardware co- design and compression/acceleration strategies 

are essential to enable scalable real-time detection 

applications on Raspberry Pi platforms. 

 

 Two Stage Detector: 

Deep learning–based vision deployment on Raspberry 

Pi has been widely explored for surveillance-style monitoring 

tasks such as object counting, attendance monitoring, face- 

based access control, and IoT-driven alerting applications. 

These works typically adopt either lightweight single-stage 

detectors (YOLO variants, SSD-MobileNet) for speed or 
two- stage detectors (Faster R-CNN) for higher accuracy, 

demon- strating the core trade-off between throughput and 

detection robustness in resource-constrained inference 

environments. 

Two-stage detection frameworks are particularly used 
when higher recognition accuracy is required. In [9] , Faster 

R- CNN (Inception V2 backbone) and SSD MobileNet V2 

are compared for on-device object detection and counting on 

Raspberry Pi 4 (8 GB), where Faster R-CNN achieves around 

9 FPS while SSD reaches approximately 22 FPS at 640×480 

resolution. The work reports detection quality through preci- 

sion/recall and IoU and shows that SSD-based pipelines are 

more suitable for real-time on-device counting, whereas 

Faster R-CNN offers comparatively stronger detection 

performance at higher latency. In the same way, Faster R-

CNN can also be used in the case of smart building 
automation. A Faster R- CNN (VGG-16 based backbone) 

face recognition pipeline is built into an IoT controlled door 

access automation, cloud log- ging, and messaging service-

based alerting in [42] , which high classification performance 

with an accuracy of about 99.3% on a custom dataset of 

employees. Although the frame rate in real time is not 

specifically stated, the work demonstrates the viability of 

using deep vision together with embedded IoT control 

services in Raspberry Pi. 

 

Lightweight detectors are highly preferred by human 

counting and monitoring applications due to their acceptable 
real time performance. Student counting within the laboratory 

is presented in [42] with the help of YOLOv3-Tiny and Faster 

R-CNN ResNet50 on Raspberry Pi 3B+. The findings reveal 

that YOLOv3-Tiny demonstrates between 4.17 and 4.89 FPS, 

and Faster R-CNN performance is lower than 1 FPS, and 

therefore, it can be concluded that heavy detectors cannot 

be used in continuous monitoring on Raspberry Pi 3-class 

hardware. It also incorporates entry/exit line logic and ID- 

based association in the work, which proves that it is possible 

to implement detection-based counting on Raspberry Pi in 

case of lightweight models chosen. 
 

Accelerators have also been used to improve edge-

assisted monitoring applications. A Faster R-CNN-based 

indoor safety monitoring system is introduced in [43] based 

on Raspberry Pi 4 and an Intel Neural Compute Stick 

(Movidius) to allow low- cost deployment to monitor indoor 

capacity, social distancing and mask detection. The system 

considers the accuracy of the results, recall, F1-score, and 

the custom orientation-related information (AP/AOS/OS), 

the F1 score being stated as 1.00 and the accuracy as high as 

approximately 0.9948. Although real-time FPS is not 

explicitly specified, the integration of an accelerator 
highlights an important direction for enabling complex two-

stage networks on Raspberry Pi systems. 

 

Overall, these studies confirm that deep learning 

deploy- ment on Raspberry Pi is feasible for real-world 

monitoring applications when detector selection is aligned 

with hardware limits. SSD-MobileNet and YOLO-tiny/nano 

variants consis- tently provide practical throughput for real- 

time monitor- ing, while Faster R-CNN pipelines remain 

better suited for accuracy-critical scenarios and typically 

require either higher- end Raspberry Pi configurations or 
accelerator support to become practical in continuous 

operation environments. 
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 Deep Learning for Object Tracking On Raspberry 
 Pi: 

Deep learning–based tracking on Raspberry Pi has 

gained strong research interest due to the increasing demand 

for real- time multi-object perception on low-cost embedded 

systems under strict constraints such as limited CPU compute 

capability, restricted memory, and low power availability. 

Recent literature shows that Raspberry Pi plat- forms (Pi 3B+, 

Pi 4B, Pi 5) can support practical detection- and-tracking 

pipelines when lightweight detectors (YOLO tiny/nano, 

MobileNet-SSD, EfficientDet-Lite) are combined with 

computationally efficient tracking algorithms such as 
DeepSORT, ByteTrack, and OC-SORT. In addition, several 

recent papers emphasize hybrid strategies, where classical 

vision or motion processing is fused with deep learning to 

reduce deep inference load and improve real-time feasibility 

on CPU-only embedded platforms [69] , [72] , [73] . 

 

 Multi-Object Detection + DeepSORT Tracking Pipelines 

A major portion of Raspberry Pi tracking literature uses 

a pipeline combining YOLO-based object detection with 

DeepSORT-based association to achieve identity-consistent 

multi-object tracking. In [44], YOLOv8n with DeepSORT is 

integrated with RFID sensing for enhanced human tracking 
on Raspberry Pi 3B+, reporting high detection precision and 

practical real-time performance. Similarly, [46] demonstrates 

acceleration of recognition and tracking using Intel NCS2 

(Myriad X) with Raspberry Pi 4B, showing that external 

accelerators can improve throughput and FPS-per-watt per- 

formance in DeepSORT-based tracking pipelines. Multi-

object tracking on Raspberry Pi is also demonstrated using 

YOLOv4- tiny + DeepSORT in [52], where CPU-only 

deployment on Raspberry Pi 4B achieves approximately 3–

5 FPS with la-tency around 200–250 ms at 416 × 416 

resolution, reporting MOTA ≈ 0.71 and mAP around 38–40% 
on a custom indoor surveillance dataset. 
 
 Detection-Only Tracking (Per-frame Following 

Applications) 

Some Raspberry Pi tracking applications rely on per-

frame detection without explicit multi-object tracking 

algorithms. In [45] , a cost-effective person-following system 

is implemented using a retrained YOLOv3-tiny model, where 

navigation deci- sions are derived directly from detection 
outputs. Such systems confirm that in assistive robotics 

applications, robust per-frame detection can be sufficient 

when motion conditions are con- trolled. However, identity 

persistence and occlusion robustness remain limited 

compared to association-based tracking. 

 

 Classical Tracking Enhanced by Deep Detection 

(Centroid / Servo / PID Tracking) 

For lightweight robotic tracking tasks, detection is often 

combined with simple tracking logic such as centroid dis- 

placement, servo-based following, or PID control. In [47] , 
YOLOv3-Tiny detection is paired with centroid tracking on 

an educational Raspberry Pi robot for ball tracking, reporting 

ap- proximately 6–10 FPS at 416×416 resolution, latency 

around 100–150 ms, and detection accuracy above 90%. 

Similarly,[51] applies YOLOv5-Lite with PID-based servo 

tracking for embedded beehive detection on Raspberry Pi 

4B,reporting 3.15 FPS with 317 ms latency at 640×640 
resolution, model size of 2.97 MB, and 0.78M parameters, 

with 99.50% mAP on a custom beehive dataset. In [70] , a 

Raspberry Pi 4–based farm monitoring system integrates 

deep learning models such as YOLOv8n, MobileNetSSD, and 

EfficientNet-B0 to identify pigs and monitor motion, where 

centroid-based tracking and Euclidean distance calculations 

provide movement estimation and visualization. 

 

 ByteTrack / OC-SORT and Modern MOT Pipelines on 

Raspberry Pi) 

Modern MOT algorithms such as ByteTrack and OC-
SORT are increasingly explored due to strong tracking 

performance with reduced reliance on heavy appearance 

embeddings. In [55] , underwater multi-object tracking is 

demonstrated on Raspberry Pi 4 using YOLOv5n/YOLOv8n 

combined with ByteTrack and OC-SORT, reporting real-time 

feasibility with strong MOTA and IDF1 results. 

Comparative evaluation in [56] further highlights 

performance differences between detec- tor selection 

(YOLOv5n vs YOLOv8n) and tracker selection (ByteTrack 

vs OC-SORT), confirming that lightweight asso- ciation 

methods improve feasibility for embedded Raspberry Pi 

deployments. 
 

 Accelerator-Based Edge Tracking (Coral / Movidius/ 

OpenVINO) 

Several papers demonstrate that Raspberry Pi can 

achieve improved tracking performance when paired with 

accelera- tors. In [57] , SSD-MobileNet v2 + DeepSORT is 

deployed on Raspberry Pi 3B using Intel Movidius Neural 

Compute Stick for UAV tracking, reporting 8.3 FPS with 120 

ms latency, detection performance of 67.5% mAP on 

UAVDT, and tracking performance of MOTA = 81.6 and 

MOTP = 79.2, with reported power consumption of 15.3 W. 
In addition, [53] presents an energy-efficient tracking system 

deployed on Raspberry Pi 4B + Coral EdgeTPU, evaluating 

detectors such as SSD-MobileNet V1/V2, EfficientDet-Lite0, 

and YOLOv5 variants under a DeepSORT-like tracking 

pipeline. The study reports reduced frame-to-frame latency 

values (e.g., 104 ms for SSD-MobileNet V1) evaluated on 

MOT15 sequences and power consumption of approximately 

5.4 W under CPU-only operation and 6.3 W with EdgeTPU 

acceleration. 

 

 Alternative Tracking Approaches Beyond Deep 
Association Trackers) 

Not all Raspberry Pi tracking works use association-

based MOT tracking. In [49] , a particle filter–based tracking 

scheme is implemented on Raspberry Pi 3 Model B with 

target remodeling and reinitialization, reporting 

approximately 13.5 FPS at 320×240 resolution, evaluated on 

custom test videos and PETS2000, with reported power 

consumption of approximately 3.2 W. Hybrid robotics 

perception pipelines are also explored. In [50] , monocular 

depth estimation combined with visual odometry supports 

pose tracking and navigation tracking on low-resource 

Raspberry Pi-class platforms. In addition, [72] proposes 
hybrid tracking methods initialized using YOLOv5 

detections and enhanced using Kalman Filter integration with 

KCF and TLD tracking components, improv- ing robustness 
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for occlusion and deformation under search- and-rescue 
conditions. 

 

 Emerging Raspberry Pi 5 Deep Tracking and Safety 

Monitoring Systems) 

The Raspberry Pi 5 generation enables more advanced 

edge deployments due to improved CPU performance. In 

[48], an improved YOLO framework is deployed for 

escalator safety monitoring on Raspberry Pi 5, reporting 7.74 

FPS under Open- VINO deployment at 640×640 resolution 

with latency of 129.2 ms, demonstrating improved feasibility 

for intelligent monitor- ing tasks. Furthermore, multi-
algorithm fusion approaches are emerging. In [74], a face 

tracking and recognition framework is designed for 

Raspberry Pi– controlled robots by integrating MTCNN for 

face detection, SORT for identity assignment and tracking, 

and Inception- ResNet for face recognition, achieving over 

99% recognition accuracy on the LFW dataset with optimized 

similarity thresholds and real-time feasibility through multi-

threading and code-level refinements. 

 

 Hybrid Classical–Deep Tracking for Efficient Em- bedded 

Deployment) 
Recent work increasingly highlights hybrid strategies 

that reduce deep inference frequency by combining classical 

vi- sion detection and deep learning refinement. In [69], 

vehicle tracking is performed using background subtraction as 

motion-based detection combined with selective YOLO- 

based CNN detection. The system eliminates unnecessary 

CNN inference calls and achieves a matching rate above 90% 

with average speed around 16 FPS on Raspberry Pi 4. 

Similarly, [73] proposes a lightweight two-step ball detection 

approach for soccer-playing robots where coarse region 

extraction is per- formed using integral image–based feature 

extraction and can- didate ROIs are refined using a 
lightweight CNN. The method achieves 97.17% detection 

accuracy and further improves ro- bustness using spatio-

temporal correlation of historical frames under blur and 

partial occlusion. 

 

The reviewed deep learning–based tracking literature 

con- firms that Raspberry Pi platforms can support real-time 

or near real-time tracking when lightweight detection 

backbones are selected (YOLO nano/tiny, MobileNet-SSD, 

EfficientDet- Lite), tracking strategies are chosen based on 

embedded feasibility, and deployment toolchains and 
accelerators are leveraged when required. Raspberry Pi 3B+ 

remains limited for scalable multi-object tracking without 

acceleration, while Raspberry Pi 4B and especially Raspberry 

Pi 5 demonstrate strong potential for practical multi-object 

tracking deploy- ments across robotics, surveillance, 

agriculture, and industrial monitoring applications. 

 

V. CONCLUSION 

 

The current review was a unified literature review on 

visual intelligence algorithms that run on resource-limited 

edge devices powered by Raspberry Pi and with a focus on 
object detection and multi-object tracking pipelines. 

Literature survey supports the idea that Raspberry Pi 

platforms have the potential to support useful embedded 

vision applications such as surveillance, mobile robotics, 
assistive monitoring, agricul- ture/livestock monitoring and 

intelligent transportation, under the strict constraints of CPU 

throughput, memory footprint, inference latency, and power 

consumption. 

 

The classical computer vision techniques are still very 

applicable to the Raspberry Pi applications because of low 

computational cost, predictability of the execution time, and 

applicability to structured environment. Background subtrac- 

tion techniques, contour-based segmentation, optical flow, 

and correlation filter trackers (KCF, MOSSE, CSRT) remain 
an important part of embedded pipelines and deliver 

consistent real-time performance in lightweight tracking 

scenarios par- ticularly where the scene is controlled and the 

difference in appearance is not high. 

 

In case of deep learning based perception, it is al- 

ways emphasized that lightweight single stage detectors like 

MobileNet-SSD, EfficientDet-Lite and YOLO tiny/nano ver- 

sions offer the most viable trade-off between accuracy and 

speed in the embedded inference via CPU only. Heavier 

models, on the other hand, usually cause a high latency and 

power cost, making them not configurable to do continuous 
real- time processing, unless highly optimized or accelerated. 

Consequently, the ability to deploy could greatly be 

influenced by optimization options such as resolution-

reduction, model- pruning, INT8-quantization, and the 

adoption of efficient inference-runtimes such as TensorFlow 

Lite, OpenVINO, and ARM NN. 

 

Tracking studies also prove that a Raspberry Pi can be 

used to enable multi-object tracking in cases where 

lightweight detection backbones are used to run 

computationally effi- cient trackers. Association algorithms 
like ByteTrack and OC- SORT are becoming popular to be 

deployed on a modern embedded platform, because they 

possess a high identity consistency with the advantage of not 

incurring an intensive computational cost on appearance 

embedding extraction. Com- paratively, pipelines based on 

DeepSORT in general need a lot of optimization or 

accelerators to achieve real-time per- formance. Moreover, 

some hybrid approaches where classical motion-based 

detectors or region proposals are combined with selective 

deep inferences are also a promising way of attaining real-

time tracking on low-power devices. 

 
On the whole, this review has found that Raspberry 

Pi can be a viable platform to implement edge-based visual 

intelligence when (i) lightweight models, (ii) model-software 

optimization of detection-tracking pipelines, and (iii) when 

more throughput is needed, the Google coral EdgeTPU or 

Intel Neural Compute Stick(s) along with an SDL are used as 

accelerators. Future studies can be used to devise embedded- 

first detection-tracking models that can so-jointly trade accu- 

racy, computation and energy consumption, allowing 

scalable real-time implementation over next generation 

Raspberry Pi platforms. 
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